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Abstract
This paper investigates the use of semantic encoding for the analysis of heterogeneous digital literature metadata.
Drawing on two databases of Latin American digital literature, Archivo de Literatura Digital en América Latina and
the Atlas da Literatura Digital Brasileira, we compare traditional one-hot encoding with a semantically enriched
representation derived from feature-value descriptions embedded in a continuous vector space. In contrast to
one-hot encoding, which treats categorical values as orthogonal, semantic encoding models accounts for similarity
between features, thereby mitigating vocabulary mismatch across databases. We evaluate both approaches using
between-group centroid distances, and normalized centrality measures. Our results show that semantic encoding
clarifies structural differentiation across genres and might smooth arbitrary differences introduced by differing
vocabularies across databases. The findings suggest that semantic representations provide a more interpretable
embedding space for small and taxonomically heterogeneous datasets. Beyond technical performance, the study
suggests that embedding-based methods can support critical inquiry in digital humanities, enabling the examination
of database bias, categorical patterns, and diachronic evolution within a unified semantic framework. Code is

available at https://github.com/isag91/semantic-encoding-DH.
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1. Introduction

Digital humanities research increasingly relies on
structured databases to document, classify, and
analyze cultural production. In the field of digital
literature, initiatives such as the Archivo de Liter-
atura Digital en Ameérica Latina - ADLAL (Archive
of Digital Literature in Latin America) and the At-
las da Literatura Digital Brasileira - ALDB (Atlas of
Brazilian Digital Literature) provide curated meta-
data describing works according to genre, publi-
cation format, technical requirements, hardware
dependencies, artistic techniques etc. (Botero Be-
tancur, 2023; Athayde and ROCHA, 2022). These
databases are invaluable for scholarly inquiry, yet
they pose methodological challenges.

First, they are relatively small. Digital humanities
datasets often contain hundreds rather than thou-
sands of entries. Therefore, patterns of category
co-occurrence are often insufficient to reliably infer
semantic relationships between labels (e.g. the
close conceptual relationship between hypertext
and hypermedia). Second, they are heterogeneous:
distinct databases use different vocabularies, tax-
onomies, and degrees of granularity. Third, many
features are multi-valued (e.g., a work may require
a computer and loudspeakers to be consulted).

These difficulties limits the ways in which these
datasets can be meaningfully leveraged within the
field. One-hot encoding treats categorical values
as equidistant, ignoring semantic relationships be-

tween them. This limitation creates what has been
termed a semantic gap in categorical representa-
tion (Yang et al., 2026). Likewise, when different
databases refer to similar practices using distinct
terminologies, their underlying semantic proximity
is obscured.

Recent work has proposed leveraging gener-
ative large language models (LLMs) to enrich
categorical representations with external seman-
tic knowledge and/or transformer semantic en-
coder models to represent categorical descriptions.
The potential of these approaches for humanities
datasets—characterized by sparsity, conceptual
overlap, and evolving vocabularies—remains un-
derexplored.

This paper investigates whether semantic encod-
ing of categorical metadata can improve geometric
representation of data points in the semantic space
in the context of two digital literature databases.
To do so, we compare a traditional one-hot base-
line with a semantic encoding approach in which
feature-value labels are described using a large lan-
guage model and embedded using a pre-trained
sentence transformer.

Our central hypothesis is that semantic encoding
offers methodological advantages for humanities
datasets in at least three respects:

1. It captures conceptual proximity
between labels that are treated
as independent symbols in one-hot
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representations.

2. It mitigates sparsity by import-
ing external semantic knowledge.

3. It facilitates cross—-database
comparison despite divergent ter-—
minologies.

In the case of the two digital literature databases
examined here, a semantically informed encoding
could enable analyzes that would otherwise be dis-
torted by heterogeneous vocabularies and the ab-
sence of explicit relationships between categorical
values. Such an approach would make it possible
to investigate whether certain databases occupy
only specific subregions of the semantic space;
whether works by authors of different genders or
countries of origin are distributed differently across
this space of practices; and whether diachronic pat-
terns can be observed, such as the emergence of
new regions over time.

2. Related Work

Traditional one-hot encoding represents categorical
variables as orthogonal vectors, implicitly assum-
ing that all categories are equally dissimilar. In
machine learning, this limitation has motivated the
development of learned embeddings for categori-
cal variables, particularly in tabular data contexts
(Guo and Berkhahn, 2016; Gorishniy et al., 2021).
These methods learn semantic relationships from
co-occurrence patterns within the dataset. Such
inferences require a large amount of data to be
reliable.

Large language models (LLMs) trained on
large-scale corpora encode extensive distributional
knowledge and have demonstrated strong perfor-
mance across a wide range of semantic tasks
(Brown et al., 2020; Devlin et al., 2019; Feng et al.,
2024). Beyond text generation, such models can
serve as structured semantic resources capable
of producing definitions, contextual descriptions,
and attribute-level interpretations. Recent work
has highlighted the potential of LLMs as general-
purpose knowledge interfaces (Bommasani et al.,
2021; Petroni et al., 2019; AlIKhamissi et al., 2022).

Building on these observations, recent ap-
proaches have proposed to leverage LLMs as
external knowledge bases to semantically enrich
datasets, especially in cases where intra-dataset
co-occurrence signals are too sparse to infer mean-
ingful relationships between categorical values. By
querying LLMs at the feature—value level and gen-
erating structured descriptions or embeddings, it
becomes possible to inject semantic information
that is not recoverable from the data alone (Yang
et al., 2026; Huesmann and Linsen, 2025; Hegsel-
mann et al., 2023).

Within digital humanities, embedding-based
methods have primarily been applied to textual cor-
pora, supporting large-scale stylistic, thematic, or
historical analysis (Underwood, 2019; Piper, 2018).
However, comparatively less attention has been
devoted to the modeling of metadata structures
themselves. By leveraging semantically enriched
embeddings at the metadata level, this study ex-
tends vector-space modeling beyond textual analy-
sis and into the domain of structured descriptive in-
formation. This method has the potential to improve
the investigation of database bias, categorical pat-
terns, and diachronic shifts within a unified seman-
tic framework, particularly in small and heteroge-
neous datasets where statistical and deep learning
methods relying on within-dataset co-occurrence
may be limited.

3. Methodology

3.1.

We use two curated databases of digital literature.
The Archivo de Literatura Digital en América Latina
indexes works from Latin America, except Brazil,
and contains 180 items. The Atlas da Literatura
Digital Brasileira indexes works from Brazil and con-
tains 149 items. Both databases describe digital
literature using very similar metadata fields such as
genre, publication type, access hardware, technical
requirements etc. The databases differ slightly in
taxonomy and naming conventions. To enable com-
parison, feature names were mapped to a shared
schema in English, but differences in the vocabu-
lary itself were maintained, besides translation.
Missing values were encoded using an explicit
no_information label to preserve structural consis-
tency rather than discarding incomplete entries.

Data Sources

3.2. Semantic Description of
Feature-Value Pairs

Following a similar approach to the ARISE
framework (Yang et al., 2026), for each unique
feature-value pair (e.g., genre_poetry, publica-
tion_type_software), we generated a structured de-
scription using ChatGPT-5.3.2 Each description
followed a fixed template: [CORE]: general defi-
nition of the value. [INDICATOR]: what this value
indicates in the context of digital literature.®

"The data, LLM prompt and code are
available at https://github.com/isag9l/
semantic—-encoding-DH

2GPT-5.1 was found to offer the best performance
compared to Claude Opus 4.5, DeepSeek V3.2 and Gem-
ini 3 Pro by Yang et al. (2026).

®Examples: access_hardware_computer: [CORE] A
computer is an electronic device that processes data and
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A potential limitation of LLM-based semantic en-
coding lies in the stochastic nature of text genera-
tion, which may introduce variability in the resulting
representations. To mitigate this issue, descriptions
were generated at the feature-value level rather
than per instance, ensuring that identical categor-
ical values are consistently mapped to the same
semantic representation. In addition, structured
prompting was employed to constrain the form and
content of the generated descriptions, reducing vari-
ability and emphasizing discriminative information.
Finally, descriptions generated by a LLM could also
be replaced by expert definitions. Once the de-
scriptions are set, the semantic encoding pipeline
is stable and deterministic.

3.3. Embedding Strategy

Once structured descriptions were generated for
each unique feature-value pair, these texts were
transformed into dense vector representations us-
ing the pre-trained sentence transformer all-mpnet-
base-v2 used in Yang et al. (2026). To convert
variable-length text into fixed-dimensional vectors,
a pooling strategy is adopted to weight tokens ac-
cording to their activation levels. Following (Yang
et al., 2026), we extract the last hidden state of
the transformer, which provides a contextualized
embedding for each token. A scalar activation
score is computed for each token as the mean
across embedding dimensions, and these scores
are normalized with a softmax to produce atten-
tion weights. The embedding is computed as an
attention-weighted sum.

When a work contained multiple values for the
same feature, their corresponding embeddings
were averaged, resulting in one vector per feature
for each work. After computing feature-level em-
beddings, vectors corresponding to all features of
a given work were concatenated to form a unified
semantic representation. Concatenation was cho-
sen over summation to preserve feature-specific
structure and avoid conflating semantically distinct
metadata dimensions. In this way, each feature
occupies a stable subspace within the overall rep-
resentation.

runs programs, typically with a screen, keyboard, and
mouse. [INDICATOR] This indicates the work is designed
to run on a desktop or laptop system and may require
precise cursor control, large displays, or locally executed
software. genre_poetry: [CORE] Poetry is a literary
form that emphasizes rhythm, sound, and condensed
language. [INDICATOR] This indicates the work focuses
on expressive language, structure, or visual arrangement
rather than linear storytelling.

3.4. Baseline: One-Hot Encoding

As a baseline representation, categorical values
were encoded using one-hot vectors. When a
work was associated with a single value for a given
feature, the corresponding dimension was set to
one and all others to zero. In the case of multi-
valued features (for example, a work categorized
under multiple techniques), a multi-hot representa-
tion was used in which several dimensions could
simultaneously take the value one. All feature-level
vectors were subsequently concatenated to form a
single high-dimensional sparse vector representing
each work.

As one-hot encoding ignores conceptual rela-
tionships between categories, it provides a useful
control condition against which to evaluate the con-
tribution of semantic enrichment.

4. Comparative Analysis

To assess the representational differences between
one-hot and semantic encoding, we do not rely on
supervised clustering evaluation measures. Such
metrics presuppose the existence of a ground-truth
partition against which clustering results can be
evaluated. This assumption does not hold in our
context. Instead, as our objective is to determine
whether semantic encoding yields a more meaning-
ful representation, we adopt an intrinsic evaluation
approach based on the geometry of the resulting
vector spaces, informed by domain knowledge.

First, we computed centroid vectors for works as-
sociated with the genre labels poetry, narrative, and
poetry_and_narrative. We use genre as a primary
analytical category because, as a broad and con-
ceptually encompassing dimension, it is expected
to occupy more distinct and structurally differen-
tiated regions in the semantic space than more
specific features such as hardware requirements
or reading processes. Moreover, we expect poetry
and narrative to be more distant from one another
than poetry_and_narrative is from either of them.
In this sense, genre offers a simple but meaningful
relational structure against which the ability of the
representation to capture graded semantic proxim-
ity can be assessed.

For each label, the centroid was obtained by av-
eraging the representations of all works assigned to
that category. Pairwise cosine distances between
these centroids were then measured in both the
one-hot and semantic spaces (see table 1). In the
one-hot representation, the distances between the
works assigned with these three labels are uniform
and fail to reflect conceptual overlap. In contrast,
preliminary results in the semantic space indicate
that poetry_and_narrative occupies an intermediate
position. This suggests that semantic information
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Label A Label B OH Sem DB RGD_OH RGD_S | ROOH RO_S
poetry narrative 0.184 0.105 ALDAL | 0.079 0.065 0.087 0.070
poetry poetry_narrative 0.175 0.058 ALDB | 0.122 0.097 0.130 0.104
narrative poetry narrative 0.182 0.064

Table 1: Pairwise cosine distances between genre
centroids. The matrix captures the geometric or-
ganization of genres within the embedding space,
with smaller distances reflecting closer semantic
alignment.

is encoded in the embedding space in a manner
consistent with interpretive intuition.

Second, we used database-level centroids to
determine whether semantic encoding reduces arti-
ficial separation caused by divergent terminologies.
The working hypothesis was that one-hot encoding
may exaggerate differences due to mismatched vo-
cabularies, whereas semantic representations may
align conceptually similar categories even when
labels differ, therefore allowing for more graded
similarities to emerge. In principle, in the case of
these two specific databases, there should not be
any significant semantic differences between them,
since they cover the same literary forms, unless
Brazilian artists have distinct practices to other Latin
American artists.

Because one-hot and semantic encodings dif-
fer substantially in their geometric properties, raw
centroid distances are not directly comparable
across representations. One-hot encoding pro-
duces sparse, orthogonal vectors that tend to inflate
distances, whereas semantic embeddings gener-
ate denser, continuous spaces in which distances
are typically compressed. To avoid conflating repre-
sentational scale with structural differentiation, we
therefore rely on normalized measures of centrality
and displacement.

First, we computed the ratio to global disper-
sion, i.e. the cosine distance between a database
centroid and the global centroid of the embedding
space, divided by the mean distance of all works
to the global centroid. Because the measure is
normalized by overall dispersion, it allows compari-
son across embedding spaces that differ in scale.
Lower values indicate a more central position of
the database relative to the overall space.

Second, we computed the relative offset, which
compares the distance between a database cen-
troid and the global centroid to the average internal
dispersion of that database (i.e. the mean distance
of works within the database to their own centroid).
Lower values indicate that the database does not
form a distinct cluster and spread across the whole
space (see table 2).

Both one-hot and semantic encoding position the
databases close to the global centroid, indicating
that neither database forms a strongly displaced

Table 2: Normalized centrality of database cen-
troids in one-hot and semantic embedding spaces.
The ratio to global dispersion (RGD) quantifies rela-
tive centrality within each representational geome-
try, while the relative offset (RO) controls for in-
ternal database heterogeneity. Together, these
metrics distinguish structural displacement from
global scale effects introduced by different encod-
ing strategies.

subregion of the representational space. However,
semantic encoding slightly reduces both measures,
which aligns with the intuition that it should smooth
the artificial orthogonality of one-hot encoding.

5. Discussion and Conclusions

The purpose of this study is to examine seman-
tic encoding as a methodological intervention in
digital humanities research. Humanities datasets
are often small, curatorially constructed, and con-
ceptually heterogeneous. In such contexts, repre-
sentation is not merely a technical preprocessing
step but an epistemological decision that shapes
analytical outcomes.

One-hot encoding reflects a structuralist view of
categorical metadata in which labels function as
discrete and unrelated symbols. In doing so, it sup-
presses nuance, hybridization, and gradience. Se-
mantic encoding, by contrast, embeds categorical
labels within a continuous vector space informed
by external linguistic knowledge. As shown by the
genre experiment, this transformation enables com-
posite categories to occupy intermediate positions
and allows conceptually related labels to cluster
together. It also smooths the artificial differences
brought in by the use of different terminologies, as
suggested by the database experiment.

By incorporating semantic embeddings derived
from large language models, we introduce a repre-
sentational layer that captures conceptual similarity
beyond local statistical evidence. In doing so, we
mitigate sparsity effects, facilitate cross-database
comparison, and create a space in which interpre-
tive proximity can be examined quantitatively.

Ultimately, semantic encoding should be under-
stood as a representational strategy that comple-
ments, rather than replaces, symbolic metadata. It
provides a way to bridge the gap between quali-
tative interpretive categories and quantitative an-
alytical methods, allowing digital humanities re-
searchers to explore conceptual structure without
discarding nuance.
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Future research should extend both methodol-
ogy and the analysis enabled by semantic encoding.
We followed the ARISE methodology regarding the
attention-weighted pooling, as well as the choice
of LLM and encoding model. We could investigate
other options, as well as combine semantic encod-
ing with insights from co-occurence patterns, as
proposed in Yang et al. (2026). In addition, regard-
ing the evaluation, while centroid-based measures
offer an interpretable first approximation of struc-
tural organization, additional diagnostics could be
implemented. For instance, neighborhood-based
metrics, such as k-nearest-neighbor, could further
assess whether semantic encoding enhances local
conceptual coherence.

In the context of this specific use case, the se-
mantically aware representations made possible by
semantic encoding open several future research
avenues, not only as an exploratory tool but as a
methodological framework for investigating both
the structure of the field of digital literature and the
practices of database curation. On the one hand,
such representations can be used to address re-
search questions about the field itself. Diachronic
analyses may track the evolution of practices over
time, while demographic metadata (e.g., gender or
country of origin of the authors) could be mapped
onto the embedding space to explore patterns of di-
verging practices. On the other hand, they provide
a means to critically assess database construc-
tion by identifying representational biases, such as
whether certain databases disproportionately fore-
ground particular types of works or authors while
neglecting others.

Extending this methodology to the numerous dig-
ital literature databases which exists would make
it possible to move toward a more comprehensive,
bird’s-eye view of the field. However, such com-
parisons would likely require methodological adap-
tations beyond those presented here, as differing
feature sets and levels of granularity introduce ad-
ditional challenges for alignment and semantic in-
tegration.

Finally, combining geometric analysis with quali-
tative inspection of representative works would help
ground embedding-based findings in close reading,
reinforcing the interpretive relevance of semantic
encoding within digital humanities research.
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